Summary

49
While recent efforts to catalogue Earth's microbial diversity have focused upon surface and marine 50 habitats, 12% to 20% of Earth's bacterial and archaeal biomass is suggested to inhabit the terrestrial 51 deep subsurface, compared to ~1.8% in the deep subseafloor [1] [2] [3] . Metagenomic studies of the 52 terrestrial deep subsurface have yielded a trove of divergent and functionally important microbiomes 53 from a range of localities [4] [5] [6] . However, a wider perspective of microbial diversity and its relationship 54 to environmental conditions within the terrestrial deep subsurface is still required. Here, we show the 55 diversity of bacterial communities in deep subsurface groundwater is controlled by aquifer lithology 56 globally, by using 16S rRNA gene datasets collected across five countries on two continents and from 57 fifteen rock types over the past decade. Furthermore, our meta-analysis reveals that terrestrial deep 58 subsurface microbiota are dominated by Betaproteobacteria, Gammaproteobacteria and Firmicutes, 59
likely as a function of the diverse metabolic strategies of these taxa. Despite this similarity, evidence 60 was found not only for aquifer-specific microbial communities, but also for a common small 61 consortium of prevalent Betaproteobacteria and Gammaproteobacterial OTUs across the localities. 62
This finding implies a core terrestrial deep subsurface community, irrespective of aquifer lithology, 63 that may play an important role in colonising and sustaining microbial habitats in the deep terrestrial 64
subsurface. An in-silico contamination-aware approach to analysing this dataset underscores the 65 importance of downstream methods for assuring that robust conclusions can be reached from deep 66 subsurface-derived sequencing data. Understanding the global panorama of microbial diversity and 67 ecological dynamics in the deep terrestrial subsurface provides a first step towards understanding the 68 role of microbes in global subsurface element and nutrient cycling. 69
70
Main text
72
Understanding the distribution of microbial diversity is pivotal for advancing our knowledge of deep 73 subsurface global biogeochemical cycles 7, 8 . Subsurface biomass is suggested to have exceeded that 74 of the Earth's surface by an order of magnitude (~45% of Earth's total biomass) before land plants 75 evolved, at ca. 0.5 billion years ago 9 . Integrative modelling of cell count and quantitative PCR 76 (qPCR) data and geophysical factors indicated in late 2018 that the bacterial and archaeal biomass 77 found in the global deep subsurface may range from 23 to 31 petagrams of carbon (PgC). These 78 values halved previous efforts from earlier that year 10 but maintained the notion that the terrestrial 79 deep subsurface holds ca. 5-fold more bacterial and archaeal biomass than the deep marinesubsurface. Further, it is expected that 20-80% of the possible 2-6 x 10 29 prokaryotic cells present in 81 the terrestrial subterranean biome exist as biofilms and play crucial roles in global biogeochemical 82 cycles 10, 11 . 83
84
Cataloguing microbial diversity and functionality in the terrestrial deep subsurface has mostly been 85 achieved by means of marker gene and metagenome sequencing in coals, sandstones, carbonates, and 86 clays, as well as deep igneous and metamorphic rocks [4] [5] [6] [12] [13] [14] [15] [16] [17] [18] [19] [20] . Only recently has the first 87 comprehensive database of 16S rRNA gene-based studies targeting terrestrial subsurface 88 environments been compiled 10 . This work focused on updating estimates for bacterial and archaeal 89 biomass, and cell numbers across the terrestrial deep subsurface, but also linked the identified 90 bacterial and archaeal phylum-level compositions to host-rock type, and to 16S rRNA gene region 91 primer targets 10 . While highlighting Firmicutes and Proteobacterial dominance in the bacterial 92 component of terrestrial deep subsurface, no further taxonomic insights were gained. However, 93
genus-level identification is critical for understanding community composition, inferred metabolism 94 and hence microbial contributions of distinct community members to biogeochemical cycling in the 95 deep subsurface 18, [21] [22] [23] . Indeed, such genus-specific traits have been demonstrated as critical for 96 understanding crucial biological functions in other microbiomes 24 , and genus-specific functions of 97 relevance for deep subsurface biogeochemistry are clear 25, 26 . 98 99 So far, the potential biogeochemical impacts of microbial activity in the deep subsurface have been 100 inferred through shotgun metagenomics, as well as from incubation experiments of primary 101 geological samples amended with molecules or minerals of interest 13, 19, 20, [27] [28] [29] [30] . Recent studies of deep 102 terrestrial subsurface microbial communities further suggest that these are metabolically active, 103 generally associated with novel uncultured phyla, and potentially directly involved in carbon and 104 sulphur cycling [31] [32] [33] [34] [35] [36] . Concomitant advancements in subsurface drilling, molecular methods and 105 computational techniques have aided the exploration of the subsurface biosphere, but serious 106 challenges remain mostly related to deciphering sample contamination by drilling methods and 107 sample transportation to laboratories for processing 37, 38 . The logistical challenges inherent to 108 accessing and recovering in situ samples from hundreds to thousands of metres below surface 109 complicate our view of terrestrial subsurface microbial ecology 39 . 110
111
In this study, we capitalize on the increased availability of 16S rRNA gene amplicon data from 112 multiple studies of the terrestrial deep subsurface conducted over the last decade. We apply bespoke 113 bioinformatic scripts to generate insights into the microbial community structure and controls upon 114 bacterial microbiomes of the terrestrial deep subsurface across a large distribution of habitat types onmultiple continents. The deep biosphere is as-yet undefined as a biome -elevated temperature, anoxic 116 conditions, low levels of organic carbon, and measures of isolation from the surface photosphere are 117 some of the criteria used albeit without a consensus. For this work a more general approach has been 118 taken to define the terrestrial deep subsurface as the zone at least 100 m from the surface 40 The finalized meta-analysis dataset comprised of 16S rRNA data from seventeen aquifers in either 129
sedimentary-or crystalline-host rocks, from depths spanning 94 m to 2300 m below land surface 130 (mbls), targeting mostly groundwater across 5 countries and two continents (Supplementary Table  131 3). Nine DNA extraction techniques were used in these studies, ranging from standard and modified 132 kit protocols (e.g. MOBIO ® PowerSoil, see 
Trends in taxonomic diversity
149 Among a total of 45 detected bacterial phyla, Proteobacteria were seen to dominate most community 150 profiles in this dataset (Figure 1) . The most abundant proteobacterial classes (Alpha-, 151
Betaproteobacteria, Delta-, Gammaproteobacteria) represented 57.2% of the total number of reads, 152 with 13.4% of these assigned to class Clostridia (Firmicutes as a primary control on community structure (Figures 2 and 3) . Indeed, most host-rocks (10 out of 191 15 in this dataset) have, on average, more unique OTUs than they share with other host-rocks (Figure  192 2). Particularly, in sulphide-rich schists, 73% of the OTUs are, on average, unique to the host-rock. 193
The role of host-rock lithology is further evidenced (Figure 3 Pseudomonas, were present in more than 25 and up to 41 samples (see Supplementary Figure 1 , 242 Figure 4) . Four OTUs affiliated to Burkholderiales 246 (Betaproteobacteria), the second most prevalent order in the dataset, were also found to be connected 247 to up to 34 other OTUs. Genus Thauera (Betaproteobacteria, Rhodocyclales), represented by a single 248 OTU, was the second most central to the dataset. Finally, network and prevalence analysis highlighted 249 the putative importance classes Betaproteobacteria and Gammaproteobacteria may have in the deep 250 subsurface, since taxa affiliated to these were highly connected across the dataset ( Firmicutes across this biome. Further, aquifer lithology was identified as the main driver of deep 320 subterranean microbial communities. Depth and location were not significant controls of microbial 321 community structure at this scale. Finally, evidence for a core terrestrial deep subsurface microbiome 322 population was recognised through the prevalence and centrality of genus Pseudomonas 323 (Gammaproteobacteria) and several other genera affiliated to class Betaproteobacteria. The adaptable 324 metabolic capabilities associated to the above-mentioned taxa may be critical for colonizing the deep 325 subsurface and sustaining communities. The terrestrial deep subsurface is a hard-to-reach complexecosystem crucial to global biogeochemical cycles. This study attempts to consolidate a global-scale 327 understanding of taxonomical trends underpinning terrestrial deep subsurface microbial ecology and 328 geomicrobiology. 329
Supplementary
Methodology
330
Data acquisition
331
The Sequence Read Archive database of the National Center for Biotechnology Information (SRA-332 NCBI) was queried for 16S rRNA-based deep subsurface datasets (excluding marine and ice samples, 333 as well as any human-impacted samples); available studies, were downloaded using the SRA Run 334
Selector. Studies were selected considering the metadata and information on sequencing platform 335 used -i.e., only samples derived from 454 pyrosequencing and Illumina sequencing were considered. 336
Analysis of related literature resulted in the detection of other deposited studies previous search 337 efforts in NCBI-SRA failed to detect. Further private contacts allowed access to unpublished data 338 included in this study. The final list of NCBI accession numbers, totalling 222 samples, was 339 downloaded using fastq-dump from the SRA toolkit 340
(https://www.ncbi.nlm.nih.gov/sra/docs/toolkitsoft/). 341
As seen in Table 1 , required metadata included host-rock lithology, general and specific geographical 342 locations, depth of sampling, DNA extraction method, sequenced 16S rRNA gene region and 343 sequencing method. Any samples for which the above-mentioned metadata could not be found were 344 discarded and not considered for downstream analyses. 345
Pre-processing of 16S rRNA gene datasets 346 A customised pipeline was created in bash language making use of python scripts developed for 347 QIIME v1.9.1 86 , to facilitate bioinformatic analyses in this study (see 348 https://github.com/GeoMicroSoares/mads_scripts for scripts). Briefly, demultiplexed FASTQ files 349 were processed to create an OTU table. Quality control steps involved trimming, quality-filtering and 350 chimera checking by means of USEARCH 6.1 87 . Sequence data that passed quality control were then 351 subjected to closed-reference (CR) OTU-picking on a per-study basis using UCLUST 87 was generated using QIIME's merge_otu_tables.py script. The BIOM file was then filtered to exclude 360 samples represented by less than 2 OTUs using filter_samples_from_otu_table.py, as well as OTUs 361
represented by one sequence (singleton OTUs) by using filter_otus_from_otu_table.py. In an attempt 362 to reduce the impacts of potential contaminant OTUs from the dataset, the post-singleton filtered 363 dataset was further filtered to include only OTUs represented by at least 500 sequences and present 364 in at least 10 samples overall using filter_otus_from_otu_table.py. 365
Data analysis
366
All downstream analyses were conducted using the phyloseq (https://github.com/joey711/phyloseq) 367 package within R, which allowed for simple handling of metadata and taxonomy and abundance data 368 [88] [89] [90] . Merged and filtered BIOM files were imported into R using internal phyloseq functions, which 369 
